Abstract: Wetlands are among the most bio-diverse and highest productivity ecosystems on earth, making their monitoring a high priority to conservation, protection and management interests. Although visual interpretation of satellite images is generally precise for monitoring wetlands, recent works have emphasized computerized classification methods because of the reduction in analyst time. However, it is difficult to automatically identify wetland solely based on spectral characteristics due to the complexity of wetland ecosystems. The ability to extract wetland information rapidly and accurately is the basis and the key to wetland mapping at a large scale. Here we propose an operational method to map China wetlands based on Landsat TM data and ancillary data. On the basis of theoretical analysis of wetland automatic classification, we developed a revised multi-layer wetland classification scheme and a rule-based classification model. In the latter, supervised classification (SVM and decision tree) and unsupervised classification (ISODATA) methods were tested. Four Landsat TM images, representing various wetland eco-regions in China (i.e. the Sanjiang Plain in the northeast China, the North China Plain, the Zoige Plateau in the southwest China and the Pearl River Estuary in southeast China), were automatically classified. The overall classification accuracies were 86.57%, 96.00%, 84.51% and 88.30%, respectively, which we considered to be satisfactory accuracy. Our results indicate that issues such as the resolution of geographic data and the understanding of wetland samples should be carefully addressed in the future.
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Scanner (MSS) data [25] , been applied as both a descriptive and analytical tool in a variety of ecological studies. The feature of greenness, as a proxy for amount of photosynthetically active vegetation, has been mostly employed in monitoring forest [26] . The feature of wetness, as a proxy of soil moisture, can also be used as an effective index of the water content of various land cover types in the image. Since water content is the key feature employed to discriminate wetlands from uplands, we can theoretically use this index to map wetlands.
Ancillary data, such as topographic data, can also be beneficial to wetland classification, since the spatial distribution of wetlands is highly correlated to topography. The analysis of the characteristics of China wetlands shows that about 94% of wetlands are distributed in areas with slope less than 3 degrees [21] . Other studies found that topography could enhance the classification accuracy of wetland mapping, compared to using only spectral information [3, 11] . Digital Elevation Models (DEM) are often chosen to simulate the potential wetlands distribution [27] [28] [29] , though the accuracy of the DEM was one of important limiting factors for wetland simulation studies [30] .
Wetlands classification scheme oriented to remote sensing automatic classification
Though there have been various wetland definitions and schemes, which served for a variety of aims and were applied at different spatial scales, there is no universal wetland classification scheme oriented for wetland mapping based on remote sensing. The wetlands classification system adopted by Ramsar [31] was oriented for wetlands management, though less suitable for wetland mapping based on remote sensing. Furthermore, water-related land cover types adopted by existing global land cover datasets are too simple to meet the requirements of wetland mapping and management. The wetland classification scheme adopted in the manual mapping of China wetland [22] , is not suitable for wetland automatic classification because some wetland subtypes, such as rivers and lakes, cannot be separated from each other when automatic classification methods are employed. A revised wetland classification scheme, considering characteristics of wetlands ecosystems and application of automatic classification technologies, is put forward in Table 1 . In this scheme, various characteristics of wetlands are classified based on different data sources and approaches. Wetland climatic characteristics can be divided into seven categories based on annual cumulative temperature (>0), including tropical (>8000), subtropical (6200-8000), warm (5300-6200), warm temperate (3700-5300), cool temperate (2300-3700), cold temperate (1300-2300) and frigid (<1300); geochemical characteristics of wetland can be described from eutrophication (hypertrophic, mesotrophic, oligotrophic) and PH. 
Study areas
Four representative wetland regions in China were chosen to examine the feasibility of wetland mapping by automatic classification, where various wetland categories, including marshland, freshwater wetland in agricultural area, alpine peatlands and coastal mangroves, are extensive ( Fig. 1) . . The SRTM DEM was used to derive slope, by which the flatten area was determined as the potential wetlands place. (Table 1) . Overlapping buffers with the same
attribute values were merged and the merged buffers used as training samples.
In each scene, there were about 80 random test samples produced. The class of each test sample was interpreted based on Google Earth and assigned an attribute value according to the wetland classification scheme. Different interpreters have different understanding for the same wetland type, such as marshland. In order to reduce the probability of such inconsistencies, test samples experienced mutual review, group discussion and final check.
Workflow of wetland automatic classification based on Landsat TM

Fig. 2.Flow chart of wetland automatic classification scheme
The overall workflow of wetland automatic classification is shown in Fig. 2 .
The radiometric processing includes atmospheric and topographic corrections, and was conducted automatically. The final product is images of reflectance with the atmospheric and topographic effects substantially reduced. After automatic processing, manual checking was carried out to ensure correction quality. Scenes with a poor quality correction were re-processed with manually selected parameter sets. To evaluate the geometric discrepancy against Google Earth images, we selected 10 ground control points from typical locations to calculate a root mean square error (RMSE). On average, the RMSE was 1.01 pixels, indicating an acceptable level of geometric correction results [32] .
Sader et al. [11] found that rule-based methods for forest wetland classification preformed significantly better than unsupervised classification at multiple sites in the northeast United States. We implemented a simple rule-based model (Fig. 2) on pixel-wise basis. Images were classified by using a Support Vector Machine (SVM) and training samples, resulting in a land cover classification map (classification image 01 in Figure 2 ) according to the land cover categories in Table 1 . The image products were also used to make a TC transformation. The wetness component was then extracted and classified by using the ISODATA unsupervised clustering algorithm. Two categories, labeled as the dry and the wet, were produced (classification image 02 in Figure 2 ). Topographic data (SRTM), corresponding to the image areas, was employed to generate slope map. The slope data was classified into two categories by using threshold of 5 degrees (classification image 03 in Figure 2 ).
The above three classification maps were then combined according to the rule that pixels with slope less than 5 degree and wet in classification map 02 were considered as wetland and the other pixels were coded to upland. The land cover classification map 01 was used to generate the wetland subcategories. For example, pixels categorized as forest in the classification map 01 were re-coded to forest wetland if they coincided with a wetland. Those pixels coinciding with upland were coded as non-wetland. The final wetland classification map was validated based on test samples. Fig. 3 shows the different classification maps produced for the Sanjiang Plain in the rule-based classification model. Besides water and wetlands, the forest category also has high values of wetness (Fig. 3b) , indicating that forest, due to high water content of tree, expresses similar characteristic of wetland in the wetness image, which usually lead to confusion between forest and wetland. Fig. 3d shows the final classification result. Wetland types in this area broadly fall into two categories -water and marshland. Overall accuracy is 86.57% and the Kappa coefficient is 0.78. Water has the highest producer accuracy (100%), followed by the marshland (85%), non-wetland (84.62%) and forest wetland (75%) ( Table 3 ).The most confusion happens between non-wetland (forest) and forest wetland, which could be caused by the relatively low accuracy of the DEM. Moreover, a small portion (10.53%) of the non-wetlands which are located near the boundary between marshland and non-wetlands are classified as water. This error was introduced in the SVM classification step, which requires pure pixel samples that are usually difficult to be found in the transitional zone between wetland and non-wetland. (Table 4) . By contrast, the marshland only has accuracy of 53.85%. We examined the erroneously classified marshland samples and found they were all located at the boundary of marshland and non-wetlands (grasslands). The reason these samples were wrongly classified was that the slope of the samples was more than 5 degrees, the threshold of classification image 03 (Fig. 2) . The same phenomenon also contributed to the wrongly classified non-wetland category, a small portion of which was classified as water and marshland. The coarse resolution of the DEM leads to this omission of marshland. Overall accuracy of the image classification for the Pearl River Estuary is 88.30%, and the Kappa coefficient is 0.80. Among wetland types of this region (Fig 4 b) , water and non-wetland have high producer and user accuracy (Table 5) . Forest wetland has satisfactory classification accuracy, with only 18% of test samples erroneously classified as forests, and 9% of them classified as water. These confusions happened in places where mixed pixels exist between forest and forest wetland. By contrast, marshland (paddy fields with growing crops are also classified as this type) has a low producer accuracy (62.5%) and a perfect user accuracy (100%), in which about 25% of the paddy fields samples were classified as water, and 12.5% of marshland samples classified as forested wetlands. These errors were caused in the SVM classification process, which also contributed to the lower producer accuracy of flooded wetland (50%). Only the water category was classified in the image of the North Plain (Fig. 4c) and it has nearly perfect overall accuracy (96.00%), with Kappa coefficient 0.92. Both water and non-wetlands have high producer and user accuracies (Table 6 ). Being flat topography and extensive agriculture development, less wetland remained in this area, and topographic variable did not contribute to the classification. Total 100 100 100
Results and discussion
Classification results
Discussion
Wetland classification based on solely spectral characteristic is difficult because of spectral confusion with other land cover classes and among different types of wetland. A layer, hybrid or rule-based approach may give better results than more traditional methods, when combined with ancillary data such as soil or elevation data [3] . We showed this method to be effective in classification of various wetland types across China. However, there were still several issues to be addressed.
The wetland was separated from upland based on the combination of ISODATA classification of wetness and threshold of slope data (<5 degree). In most cases, this gave a satisfactory classification result, especially the employment of wetness from the TC transformation. However, the coarse resolution of topography data contributed to most errors, especially the marshland omission error.
Because the DEM used here has a spatial resolution of 90 m, which does not match the resolution of the TM satellite images, minor topographic changes were often neglected or could not be easily discriminated. For example, in Zoige Plateau, many marshland samples were misclassified as grasslands as a result of the coarse resolution of the slope data generated from the 90m DEM.
The wetland types were classified by using an SVM trained on human interpreted classes. The quality of training samples is key for the SVM classification of land cover. Wetlands were commonly considered as transitional zone between terrestrial and aquatic ecosystems and have mixed spectral characteristics of water and vegetation. It is very difficult to choose pure pixels for training samples, which are important for SVM classification. As a result of the test samples being generated by random sampling, there were many test samples located along the boundaries of two different wetland types.
Different interpreters can have different understanding of the same wetland type such as shallow water and water-logged sparse marshland. Since the training samples and the test samples were interpreted by different people, different understanding of wetland types led to most wetland commissions in our study, indicating an outstanding issue in wetland classification in the future.
Conclusion
To conserve and manage wetland resources, it is important to inventory and monitor wetlands and their adjacent uplands. Though satellite remote sensing has been shown to be an effective method for monitoring wetlands, there is little literature about automatic mapping of wetlands for large geographic areas. By coupling supervised classification (SVM and decision tree) and unsupervised classification (ISODATA), we developed an operational rule-based classification approach.
To meet the requirements of wetland automatic classification, a revised wetland classification system was suggested, in which seven wetland types were considered and other wetland characteristics such as wetness, topographic characteristics, and hydrological characteristics were considered.
Four representative wetland distributed regions across China were chosen to examine the feasibility of the approach we suggested. Classification results showed that the overall accuracies (above 80%) were satisfactory in those four regions. This method demonstrates a potential quick and accurate strategy for mapping China wetland across various geographic regions and wetland categories.
The selection of variables, such as wetness of TC transformation and slope derived from topographic data, contribute greatly to the increased overall accuracy of wetlands classification.
However, the limitation of coarse resolution of topography data (90m)gave rise to the most omission errors. Misunderstanding by human interpreters of wetland cover types also contributed to classification error.
